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Abstract

ThestudyofEMP phenomenonhaspromotedthedevelopmentof techniquesto

investigatetransientelectromagneticresponsedata. Characterizationof the

EMPtransientresponseinformationis necessaryto evaluatetheperformanceof

thatsystemin a hostileenvironment.An efficienttechniqueto characterize

thisperformanceis to fitan electromagneticmodelto thedata.

In thispaperwe describetheperformanceof threedifferentsignal

processingtechniquesappliedtoparameterizea bodyfromnoisyexperimental

electromagnetictransientresponsedata. We brieflydescribethetechniques

wnicnrangefromthewell-knownPronymethodto themoresophisticated

extendedKalmanfilterandfinallyto thehignlysophisticatedmaximum

likelihoodidentifier.We comparetheperformance

discusstheirtradeoffs.

1.0 Introduction

of thesealgorithmsand

Thestudyof EMPphenomenonhaspromotedthedevelopmentof techniquesto

investigatetransientelectromagneticresponsedata. Thecharacterizationof

EMPtransientresponseinformationis a matterof nationalconcern.

largeamountsof dataarenecessaryto pointwisedefinean arbitrary

response,it is quitereasonableto ‘~identifylta parameterizationor

the “responser$.Themodeldevelopedis useful,notonlyto merely

.

Since

transient

modelof
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theresponse,butalsoto give

processproducingtheresponse

moremeaningful

itself.

informationabout

paperwe discusstheimplementationof signalprocessing

algorithmswhichcanbe usedto “estimate”theparametersof an

electromagneticresponsemodelfromnoisytransientmeasurements.The

techniquesemployedrangefromsimplifiedalgorithmswhicnperformwellfor

highsignal-to-noiseratios,to complexmodel-basedestimators,whicnperform

wellforlowsignal-to-noiseratios. InSection2 we presentthenecessary

backgroundinformation.Thevariousalgorithmsarediscussed(simply)in

Section3. InSection4, theapplicationto transientEM datais presented.

2.0 Background

In electromagneticwavetheoryit is possibleto representtheresponse

of an objectto variousexcitationsby thesingularityexpansionmethod

(SEM). TneSEMrepresentsan electromagneticvariable(field,current,etc.)

as theimpulseresponseof theobject[11,i.e.,

(1)

where

%
n

v

e

r

s.
1

vectorimpulseresponse

complexcouplingcoefficient

complexnaturalmodedescribingthebehaviorof% overtneoqject

excitingfieldcharacteristics(e.g.,polarization,directionof

evidence,etc.) .

spatialcoordinatesor position

conplexnaturalfrequency(orpole,or naturalresonance) .

Thesetsof parameters({si},{~i(~)})aredependenton the

objectparametersonlyandindependentof theexcitation.Theeffectof the
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,

.

excitingwaveis containedentirelywithinthesetof coupling

{~i(~,si)}whicnareindependentof thepositionon thebody.

theelectromagneticinteractionis completelycharacterized

fact,theresponseto an arbitrarilysnapedwaveformcanbe

conceptsof linearsystemtheorywheretheresponsey to an

is givenby theconvolution(*) )

y(~,t)= up(~,t)*u(~,t)

by

coefficients

Thus,

thesesets. In

generatedusing

arbitraryimpulse

(2)

Implicitin (2)is that~ is thesameforthenewexcitingwaveform.

However,({si},{xi(r)})areinvariant;therefore,thesesetscan

be usedto “parameterize”a givenobjectfor~ excitation.We arenot

concernedat thispointin thepartitioningof thenaturalmodesandcoupling

coefficients,so we definethesetof complexresiduesat a point~ as

Qi(k):

and forthiswork

Thus,theimpulse

(3)

concernourselvesonlywitnscalarresponse

responseof thelinearsystemof (2)canbe

sit
y(t)= ~CeH(t)* d(t)= .

i=l 1
(4)

functions.+

representedas

where

Si := ‘i + jWi,u thedampingratioandu thenaturalfrequency

tItstild be notedthatthesophisticatedmodel-basedestimators
discussedsubsequentlycanbe usedto identifyseparatelytheqi ati~i
parametersif desiredas wellas vectorresponsefunctions(multiple
measurementinstruments);however,thisworkwasnotfeasiblein theallotted
time.
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H(t)is the

up (~,t).

objectimpulseresponseat position~, i.e.,

Thus,theparameterizationof theobjectcanbe statedsimply

by theelectromagneticparameterestimationproblem.

“Givena setof noisyelectromagneticresponse+measurements

{z(t)),findthe“best”

{~i})characterizingan

We willassumethatthe

z(t)= y(t)+V(t)

(minimumvariance)estimates({bi,fii},

unknownobject.”

noisecontaminatestheresponsey as

(5)

wherev is zeromean,GaussianwithcovarianceR.

Beforewe begindiscussingthevariousestimationalgorithmsappliedto

thisproblem,we mustdefinean alternatewayof representinga linearsystem

whichis equivalentto (3)and (4). Recallfromordinarydifferential

equations[2]that(4)representsthesolutionof a Ntnorderdifferential

equation.It is wellknownthatthisequationcanbe brokendownto the
solutionof N firstorderdifferentialequationsof thegeneralform:

~(t) = F~(t)+~u(t)

y(t)= hTx(t)-— (6)

where

x is tneN-statevector,u, y aretherespectiveinputandoutput.

F is a N x N matrixandg, h areN-vectors++

+Thisrepresentationis notlimitedonlyto scalarsystems,e.g.u andy
canDe vectorsandg, hT becomematrices.

tbnis representationis notlimitedonlyto scalarsystems,e.g.u andy
canbe vectorsandg, hT becomematrices.
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Thisrepresentationis calledthe%tate space”formin linearsystem

theory[2]andformsthebasisof variousparameterestimationschemes(e.g.,

see [4]). It is easilyshownthattheimpulseresponseof (6)is

y(t). ~TeFtq. ~ Cif3sit
i=l

or in transferfunctionform,we have

In thenextsection,we discussthree

(7)

(8)

parameterestimationalgorithm

appliedto thisproblem:(1)InteractiveProny’stechniquewhichutilizesthe

modelsof (6),or (8);(2)extendedKalmanfiltertechnique;and(3)the

maximumlikelihoodidentifier,bothof whichusethestatespaceformof (6).

3.0 ParameterEstimationAlgorit~s

In thissectionwe discussthethreeparameterestimationalgorithms
employedto extractthe setof objectparameters({6.1$ ‘i}){Lij)from
noisymeasurementdata. Thealgorithmsemployedwere: (i)Interactive

Prony’stechnique(IPT);(ii)extendedKalmanfilter(EKF);and(iii)maximum

likelihoodidentifier(MXLKID).,We willnotdiscussthemathematicaldetails

of thesealgorithms,Dutratherincludetheprimaryreferencesforthe

interestedreader(seeAppendicesA, B, andC fordetails).Afterpresenting

eachalgorithm,we willconparethemanddiscussthevarioustradeoffs.

TheInteractiveProny’stechnique(IPT)is basicallya linearleast

squaresestimatorforpolesin thediscrete”(ztransform)domain[1]. The

algorithmis depicted(sinply)in Fig.1. Dependingon thesignal-to-noise

ratio(SNR)[3]eithertheimpulseresponse(highSNR)or theautocorrelation

response(lowSNR)is estimatedusingfastFouriertransformsor sa~le

autocorrelationestimators,respectively.Thefiltereddata

“windowed”andpolesestimatedfromeachdatawindowsolving

is then

a setof linear
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matrixequationsto obtainlinearleastsquaresestimatesof thecoefficients

of a polynomial,therootsof whicharethediscrete(zdomain)poles. T@se

polesarethentransformedto thecontinuousdomainandidentifieddirectly

withMe objectresponse[1]. Thistechniqueis repeatedby theprocessor

manytimesand“poleclusters”areobtained.Theaveragepolevaluesarethen

selectedandsamplestatisticscalculated.It shouldbe notedthatthe

discreteor sampleddatadomainrepresentationis necessarybecauseof theuse

of “sa~led”responsedata. Notaccountingforthesamplingphenomenon,will

resultin erroneousestimatesforthecontinuouspoles.

TheextendedKalmanfilter(EKF)is basicallya nonlinearstate

estimationalgorithmwhichcanbe usedto estimateunknownparametersby

redefiningthemas states.Recallthata stateestimatoris a computer

algorithmwhichmayincorporate:(i)knowledgeof thephysicalprocess

phenomonology(EMresponse);(ii)knowledgeof themeasurementsYstem;(iii)

knowledgeof processandmeasurementuncertaintiesin theformof mathematical

modelsto producean estimateof thestate.

Moststateestimatorscanbe placedin a recursiveformwiththevarious
StJbtletieSemergingin thecalculationof thecurrentestimate(~old).Tne

standard

pieceof

takethe

where

tecnniqueemployedis basedon updatingthecurrentestimateas a new

measurementdatabecomesavailable.Thestateestimatesgenerally

recurrenceform

%ew = ‘old+ $&w

%?W = % - 2old= % - ‘(*old)
,

(9)

(lo)

Herewe seethatthenewstateestimateis obtainedby correctingtheold

estimateby a K-weightedamount.Thetermenewis thenewinformationor



-8-

innovations[41,i.e., it is thedifferencebetweentheactual
measurementandthepredictedmeasurement(to~d)basedon ouroldstate

estimate.Thecomputationof theweightK dependson tneerrorcriterionused

(e.g.,mean-squared,absolute,etc.) [5,6, 7].

Notethata
case)is usedto

fordetails.

physicalprocessmodel(e.g.stateequation
producefold. Tneinterestedreadershould

Thus,theEKF is a stateestimatorcapac)leof producing

in (6)forlinear
seeGelb[6]

estimatesfor

nonlinearas wellas linearprocessesandmeasurements.A simplified

diagramofthealgorithmis depictedin Fig.2. Herewe seethatthe
stateestimateRoldis calculated(orpredicted)basedon theprocessmodel,

aftertheestimatoris initialized.Thecalculationof tnegain,K, and

innovations,e, follows.Notethatthemeasurementat a giventimestepis

utilizedin calculatingthecurrentc. Fromthesecalculationsthenewor

c~rectedstateestimateis obtained”Thea190rithm

Prmessingmasurementdataas it Decomesavailable.

consideredon-linebecauseit canbe accomplishedin

responsemeasurements,i.e.,tnestateestimatesare

eachtimea newmeasurementbecomesavailable.

continuesin thisloop

ThiSprocessingis

conjunctionwiththe

updatedin realtime,

Thefinalalgorithmis themaximumlikelihoodidentifier(MXLKID).The

MXLKIDalgorithmis a complexoff-linetechniquewhichutilizesa parameter

optimizationalgorithmloopedaroundtheEKFto obtainparameterestimates.

Thealgorithmmaximizesthelikelihoodfunction,or equivalentlyminimizesthe

negativelog-likelihoodfunctionJ(!),i.e.

min J(g)= -1/2Ln(2n)-l/2~Clew(i,!)(Rc(i,Q))-lemw(i,O)+
e i=l .

(11)
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where

&newis theinnovationof equation(10)

Rc is thecorrespondinginnovationcovariancematrix.

Tneparameterestimator(optimizationalgorithm)is usuallya ,

gradient-basedtecnnique[8,9],i.e.,

where ~ aretheparameterestimates

p is a stepparameter

H is a weightingmatrixdependenton theparticular

techniqueused).

(12)

optimization

The simplifiedalgorithmoperationis depictedin Fig.3. TheKalman

filteris usedto produceuncorrelatedinnovations,e, fromthecorrelated

measurements,z. The log-likelihoodfunction(11)is calculatedusingresults

fromtheKalmanfilter.In someoptimizationalgorithmsthefilteris also

usedto.calculateelementsin theweightingmatrix,H (e.g.see[9]).

Beforewe discusstheperformanceof thesethreealgorithmson the

electromagneticparameterestimationproblem,we firstcomparetheirbasic

attributes.Referringto TableI, we seethattheinteractivePronyalgorithm

is a simpletecnniquevalidforhighSNR,andbecauseof thelackof system

modelingit is restrictedin scopeof application(linear,timeinvariant

problemsonly). Of course,becauseof itssimplicity,it is lesscomplexand

fasterthantheEKFandMXLKIDalgorithms.The

generatean ensembleof samplesforstatistical

estimateswhereasthetwoothertechniqueshave

in.

IPTrequiresmanyrunsto

validationof tneparameter

statisticalvalidationbuilt
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TABLE1: IdentificationAlgorithmComparisons

IPT EKF MXLKID

‘roblemScope linear,timeinvariant linear,nonlinear, linear,nonlinear
timevarying

;ignalModels scalar vector vector

doiseModels none stationary,non- stationary,non-
stationary stationary

:onplexity simple~ complex verycomplex

application off-line on-line off-line

imitations nighSNR mediumSNR lowSNR

:omputerTime small~ medium large

\ccuracy reasonable reasonable excellent

Statistical
validation samplecalculations~ generated generated

.

.

‘tNeglectingFFT,Autocorrelation,anrj/orEnsembleStatiStiCCalculations
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TneEKFandMXLKIDalgorithmsappearsimilarin

expectedsincetheMXLKIDtechniqueactuallyusesan

manycategories,whichis

EKFas an integralpart

.

of itscomputation.ThemaindifferencesbetweenMXLKIDandtheEKF are

application,complexity,andaccuracy.TheMXLKIDalgoritnmis moreaccurate,

howevertnepricepaidis complexity,computertimeandthenecessityof

runningthealgorithmoff-line,i.e.,witha completesetof measurements

availaDlebeforehand.If enoughdatais availabletheEKFcanyield

comparableresults.

Thiscompletesourdiscussionof theparameterestimationalgorithms.In

thenextsectionwe discusstheapplicationof thesetechniquesto theEM

parameterizationproblem.

4.0 EM TransientResponseApplication

Thethreeparameterestimationtechniquespresentedin theprevious

sectionshavebeenappliedto transientelectromagneticpulse(EMP)response

data. We beginthissectionwitha briefdescriptionof theexperimentwhicn

producedthedataof interest,thendiscusstheapproachtakento abstractthe

poleparameters.Theinitialphaseof thepoleextractionapproachis the

acquisitionandpreliminaryanalysisof thedata. Certainassumptions

concerningsignalandnoisemodelingmustbe madebeforeparameterestimation

techniquescanbe applied.In tnelastpartof thissectionwe discussthe

signalandnoisemodelingassumptionsmade,thenwe presentpoleextraction

resultsforthethreesetsof data

Theexperimentalconfiguration

antenna,a movableverticleground

analyzed.

(Fig.4) consistsof amonoconesource

plane,anda taretcylinderallmountedon
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a conductingsymmetryplane. A sensorfordetectingcurrentflowsis located

nearthebaseof thecylinderas shownin Fig.5. Thesensorplacementallows

observationof theodd-narmonicresponsemodeswhichareinducedon the

cylinderanditsimagein thesymmetryplane.

Theresponseof thecylinderto an electromagneticpulseis dependenton

thedistance,h, fromtheaxisof thecylinderto thereflectingground

plane. We acquireddataforthreesuchresponses,as shownin Fig.6,

correspondingto n- (groundplaneremoved),h=50cm,andh=10cm. More

resonantresponsesareattainedas h becomessmaller.

Thesignalmodelingapproacnis theSingularityExpansionMethod(SEM)

introducedearlier[1]. Theelectromagneticvariable(currentin thiscase)

is represented

repeatDelow:

as a sumof singularresponseas in equation(l),whichwe

(13)

sincetheprobelocationandexitingfieldcharacteristicsare fixedfora

givenexperimentwe can lumpsand ~ dependenttermsintoonecomplexresidue

whicnwe designateCi. Themeasurementprocessthenextractstherealpart

of theresponseandalsoincludesrandommeasurementnoise,~. Theparameter

modelforthisexperimentwithmeasurementnoiseis thefollowing:

N sit
z(t)= Re[Up(t)]+v(t) = X [Cie ] +V(t) (14)

i=l
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Fig,5 CurrentModeson a Cylinderover

a SymmetryPlane



-17-

0.06–’ I I I I I I I

0.0s-
0.04–

* ‘“w–g 0.02–

g 0.01-
a 0.00-- IL.
-0.01-
-0.02-
-0.03 -1 I 1 1 1 I I 1 l–

0.03

0.02

0.01

3

0.00

-0.01

z -0.02

s -0.03

4.04

-0.06

-0.08
I ,1, I I I I I I

i I I I 1+%rTir
0.02
0.01

4
0.00

~ -0.01
% -0.02
$-0.03
-0.041-III +

=ELu-uJ
O24681O121416182O

Tim (ns)

‘

Fig.6 DatawasAcquiredfromThree

EM TransientExperiments

Bprobe responw

Cylinderinfreespaoa

Bproberesponse

Cylinder 50 Om
fromgroundpbM

ii proberesponse

C@inder 10 cm
from wound plane

Separate



-18-

where

z(t)is themeasuredsignalof interest

v(t)is themeasurementIW3iSf2

N=6*

ThepoleextractionprOblemthenbecomes:

Identify(Cil~i,Oi)

fori = 1,2,3given{z(t)}

An alternativenoisemodelconsidersprocessas wellas measurement

noise. Processnoiseis correlated(asopposedto independentor “white”

noisecnaracterkticof a measurementprobe)andtypicallyhaspowerspectral

componentswithinthesignalbandwidthof interest.Processnoisesourcescan

includeunmodeledEMPreflections,unknownenvironmentalelectromagnetic,and

signalmismodeling.Processnoisesaremodeledas drivingnoises,andhence

areconvolvedwiththeimpulseresponseof theobject.

The followingparametricmodelincludesbothprocessandmeasurement

noises:

N si(t-T)dT
Z(t) = 2 Cie‘it+ ft wi(~)e + v(t)

i=l T=O
(15)

where

wi(t)is processdrivingneise

* We chosethefirstthreeharmonics(N=6,i.e.,a complexconjugatepairof
polesforeachharmonic)to formoursignalmodel,however,becauseof probe
location,verylittleof thesecondharmonicwasobservable,thereforethe
forthcomingpoleextractionresultswillapplyto thefundamentalandthird
narmoniconly.
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Thepoleextractionproblemin now:

Identify{Ci,ui$ui,cov(wi)}

fori= 1,2,3given{z(t)}

We navetheadditionaltaskof identifyingthecovariance(noisepower)of the

drivingnoise. To extractpolesfromthethreeresponsedatasetsshownin

Fig.6, thePronytechnique,extendedKalmanfilter(EKF)andtwoversionsof

themaximumlikelihoodidentifierwereapplied.ThePronytechniqueaccounts

onlyfora measurementnoisemodel,whereastheEKFusesbotha processanda

measurementnoisemodel. Themaximum

bothcases. VersionA accountedonly

includedbotnprocessandmeasurement

likelihoodidentifier

formeasurementnoise

noisemodels.

wasdesignedfor

whereasVersionB

Theresultsof thepoleextractionaresummarizedin figs.7 through
12* ● fig.13 showsthemigrationof tnefundamentalpoleas distancebetween

tnecylinderandgroundplanebecomessmaller.Theresultsfromeacnof the

dataanalysismethodsarecomparedto predictedresultsfroman analytical

study[9]. Fig.14 showsa similarplotforthethirdharmonic.

We canmaketnefollowingconclusionsconcerningtneapplicationof

signalprocessing/parameteridentificationtechniquesto EM transientresponse

analysis.In thispaperwe haveshownthata varietyof signalprocessing

techniquesareavailableforpoleextractioneachhavingtradeoffsin the

degreeof complexity,accuracy,andthescopeof signalandnoisemodelswhicn

canbe used. Afterapplyingpoleextractiontechniquesto realEM transient

datawe cangenerallyconcludefromourresultsthatdatawitha higher

* ThetabulatedresultsforEKFandmaximumlikelihoodtechniquesshow95%
confidenceintervalsfortheestimatedparametervalues.Theseconfidence
intervalsarethemselvesestimatesgeneratedby theprocessingalgorithnbased
uponthesinqledatasetbeingprocessed.Theconfidenceintervalsshouldnot
be confusedwithresultsfroma thoroughstatisticalanalysisof the
experiment,wnichwouldinvolveprocessingan ensemble(a largestatistical
set)of datarecords.
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signal-to-noiseratio(i.e.,themoreresonantresponses)providemore

consistentpoleestimates.Thepoleextractionhasalso,to somedegree

independentlyverifiedanalyticalpredictions[9]

configuration.

5.0 Summarv

forthisexperimental

In thispaperwe havediscussedandcomparedthetradeoffsof three

popularsignalprocessingalgorithms- theinteractivePronytechnique,the

extendedKalmanfilter,andthemaximumlikelihoodidentifierandappliedthem

to an electromagnetictransientresponseexperiment.Theresultsindicate

thatmoreconsistentestimateswereobtainedwith

signals.Theresultsalsoindependentlyvalidate

hignsignal-to-noiseratio

theoreticalprediction.

Acknowledgements

We wouldliketo thankMr.F. OeadrickandJ. Zickerfordatacollection

andperformingtheinteractivepronyprocessing.We wouldalsoliketo thank

Ms.Lopezfortypingthismanuscript.



-21-

0.06

0.05
0.04

0.03

0.02

I I I I I I I I

0.01 -

v

-0.01 -

-0.02-

-0.031-~ I I I 1 1 I I l-j
02468101214161820

Time(ns)

-1314 “Poleno.1 : _&:_ -“6 -120 i 36 -215 k 52 -137 * 235

(Fundamental) @ 775.4 ‘---720.7 -~ ; 9- ‘-526 t-49- ----g2g * 154

●T. H.6humpert endD. J. Galbwey,S’TrerrsientAmlyaisof a Finite Length
CylindricalScattererVe~ Neara PerfectlyConductingGround: Sensor
and3imulationNotes,Note 226, August1976.

+~: ~i~ me~~t noise-l ‘nly

B: with both measurementendprocessnoisamodelsincfuded

.

,

Fig.7 PoleExtractionResults- FreeSpace,
FundamentalPole



-22-

0.06

0.05

0.04

+ 0.03
~
.- 0.02
=
E 0.01
a

0.00
–0.01

–0.02

-0.03

I I I I I I I

r v

i

I I 1. I I I I I l–
024681012141618 20

Time (ns)

-287.3 -710 t 36 -721 ? 451 -654 k 693
Poleno. 2 a _ :=. _ ____ ____ ---- ----

(3rdhermonic) ; 2523.6 2433.5 2250 ~ 27 1578 f 147 248(I * 306

‘1. H. ShumpartendD. J. Galloway,‘Transient Anelysisof a Finite Length
CylindricalscattererVery Neara PerfectlyConductingGround,”’!knsor
andSimulationNotes,Nota 226, August1976.

+& with rn~asurfjm~tnoiwm-i ‘nly

B: with both measurementandprorsssnoisemodelsincluded

Fig.!3 PoleExtractionResults- FreeSpace,

ThirdHarmonic



-23-

●

✎

0.03

0.02

0.01

0.00

: –0.01

g -0.02

4 -0.03

-0.04

–0.06

–0.06

024681012141618 20

Time(ns)

poleno. 1 0 46.3 -74 -65*31 -102 *46 -70 * 127

(Fundemanml) z ‘--- - -&; - ---- ---- -7; *-7;736.2 7~*8 770 *32

●T. H. ShumpartandD. J. Galloway,‘Transient Analysisof a Finite Length
CylindricalscattererVary Neara ParfeotlyConductingGround,”sensor
andSimulationNotes,Note 226, Auwst 1976.

+A: ~ith ~emur~t h$tr - “y

B: with both maasuremantand processnoita modelsinoludad

Fig.9 PoleExtractionResults- h=50cm

FundamentalPole



-24-

>

0.03

0.02

0.01

0.00

-0.01

-0.02

-0.03

-0.04

-0.05

-0.06
1

,1, I I I 1 I I
0246810121416~8 20

Time (ns)

I I I 1 f !

Polano.2 0 Not -266.9 -460*36 4*220 -206 f 311
,M ~~k) ; ~tilti ---- ---- ---- ----

2363.2 2206 *24 231O*96 2166 * 144

●T. H. SlwmpartandD. il. Galkwmy,“TransientAnalysisof a Finite Length
CylindricalScattererVary Naara PerfectlyConductingGround,”Serrsor
and3imulationNotes,Note 226, August1976.

‘A: with measuremarrtnoisemodelonly
B: with both measurementandprocessnoisemodelsincluded

.

●

Fig.10 PoleExtractionResults- h=50cm,

ThirdHarmonic



-25-

0.04
0.03
0.02
0.01

0.00
-0.01

-0.02
-0.03
-0.04
-0.06
-0.06
-0.07 I \ I I I 1 I I I

024681012141618 20

Time (ns)

Poiarlil u -16.9 -22.9 -26*23 -26.9 * 13 -25 i 49
---- -“= - - ---- ---- ----

[Fundamental] @ 824 661 7s626 767 * 9 776*15

●T. H. ShumpartandD. J. Galloway,“TransientAnalysisof a Finite Length
CylindricalscattererVery Neara PerfectlyConductingGround,”Sensor
andsimulation Notes,Note 226, August1676.

+A: with ~easu~ent noisem~l ‘Iy

B: with both measurementandprocessnoisemodelsincluded

Fig.11 PoleExtractionResults - h=10 em

Fundamental Pole
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3.
$
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Time (ns)

43.7 .150*34 -50.5225 -2oo k 52
Poleno.2 0 Not ____ ---- ---- ----

(3rd harmonic) ; avai{abla 2311.6 2274 * 18 2301 f 27 2379 *30

●T, H. ~umpert andD. J. Gallowey,‘TransientAnalysisOfa Finite LwIgth
CylindricalScattarerVary Neara PerfectlyConductingGround,”Sensor
and!UmukrtionNotos,NOSO226, Aw@ 1976.

+A: with ~asurement noise-I ‘niy
B: with both measuramafrtand prooessrroisamodelsincluded

Fig.12 PoleExtractionResults- h= 10 cm

ThirdHarmonic
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AppendixB - ExtendedKalmanFilterAlgorithm

PredictIon:

Innovation:

‘k+l = ‘k+l - dk+qk}

= @k+qk)Hk+llktiT(~k+llk) + ‘k+l‘;+11k

Correction:

w -1tiT{~k+llk)(R;+l{k‘k+l=‘k+llk )
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where

‘(Qklk) ax“MM.

and

‘k+lIk:=cov(~k+~lk)forxk+qk:=xk+l
-; k+llk

b.



Appendix C - MaximumLikelihood
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Identifier

Log Likelihood Function Calculation:

N,.

J@) = -1/21n (2T) - 1/2
z

6?(i9&L~) (RC(i,&D)) ‘l E(i~&LD)

i=1

Grad#ent Calculation:

[

-1aR; -1aR;+1/2tr (R!)
1

—(R:), ~aoj

[;lf]t~[(R;jl~] (0+1/4 tr (R6)

* The quantities E(i,Q) and RC(i,~), in these equations are generated
recursively by the Kalman filter.
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Parameter Estimate Update:

LooP:
.
Qf4Ew- QOLD

where

J(Q)is the scalar negative log-likelihood function

W is the
TE

~2J(6) is
~L2

p-gradient vector

the pxp Hessian matrix

~ is the p-parameter vector

A61 is the p-incremental parameter change vector (only

lth element nonzero)

s is the m-innov~tion vector

Rg is the mxm innovation covariance matrix

D is the pxp diagonal Marquardt matrix (contains the square

()

root of the diagonal elements of+
ae

P is the scalar step adjustment
.“

+
p is the Marquardt parameter used to weight the dlagorta?

$larquardtMatrix
.,


